Catch data of large pelagic fish such as tuna, swordfish and billfish are highly variable ranging from short to long term. Based on fisheries data, these time series are noisy and reflect mixed information on exploitation (targeting, strategy, fishing power), population dynamics (recruitment, growth, mortality, migration, etc.), and environmental forcing (local conditions or dominant climate patterns). In this work, we investigated patterns of variation of large pelagic fish (i.e. yellowfin tuna, bigeye tuna, swordfish and blue marlin) in Japanese longliners catch data from 1960 to 2004. We performed wavelet analyses on the yearly time series of each fish species in each biogeographic province of the tropical Indian and Atlantic Oceans. In addition, we carried out cross-wavelet analyses between these biological time series and a large-scale climatic index, i.e. the Southern Oscillation Index (SOI). Results showed that the biogeographic province was the most important factor structuring the patterns of variability of Japanese catch time series. Relationships between the SOI and the fish catches in the Indian and Atlantic Oceans also pointed out the role of climatic variability for structuring patterns of variation of catch time series. This work finally confirmed that Japanese longline CPUE data poorly reflect the underlying population dynamics of tunas.
Introduction
Abundance of large pelagic fish, such as tuna and billfish, are known to fluctuate extensively over a large range of spatial and temporal scales (Ravier and Fromentin, 2001; Lehodey et al., 2006) . Environmental variability is known to shape the spatial distribution, migration patterns and population dynamics of large pelagic fish (Polovina, 1996; Lehodey et al., 1997; Ravier and Fromentin, 2004) , but also to modify the dynamics and the catchability of the fleet targeting these species (Ward and Hindmarsh, 2007) . Fishing activity through the removal of top predators further alters the food-web structure and can change population demography (Jennings and Kaiser, 1998; Essington et al., 2002) . In addition, several studies recognized the importance of biological processes, such as biotic interactions, and how they impact fluctuations in fish stocks (Myers and Cadigan, 1993; Fromentin et al., 2001) . Understanding the underlying reasons for the variability of large fish predators is a complex issue that can be addressed by analysing long time series of commercial catches. Such time series are typically noisy, often strongly non-stationary and contain mixed information on environmental forcing, population dynamics and exploitation (Rouyer et al., 2008a) . In this paper, we try to address these questions by investigating patterns of variation of different tuna species and tuna-like species exploited in the Atlantic and Indian Oceans. Such an approach has been already conducted in the Atlantic Ocean (Rouyer et al., 2008a) and in the Indian Ocean (Corbineau et al., 2008) , separately but this study is the first attempt to analyze and compare patterns of variation of catch time series data of large pelagic fishes in these two oceans, using an identical source of data (from the Japanese longliners). Each oceanic basin was divided in biogeographic provinces (Longhurst, 2007) and we selected four species (yellowfin tuna, Thunnus albacares; bigeye tuna, Thunnus obesus; swordfish, Xiphias gladius; and blue marlin, Makaira mazara in the Indian Ocean and M. nigricans in the Atlantic Ocean) for which we have data in a long time series. Wavelet analyses were performed on each yearly time series to describe temporal patterns of variation , and comparisons were made according to the similarities among wavelet spectra (Rouyer et al., 2008b) . Variations in tuna catch rates are often associated with large-scale climate indices, such as the Indian Oscillation Index in the Indian Ocean (Ménard et al., 2007; Corbineau et al., 2008) . We, therefore, investigated cross-wavelets between tuna time series and the Southern Oscillation Index (SOI), considered here as the main climate index that impacts the world's oceans (Trenberth, 1984) .
Materials and methods

Fishery data
Since the 1950s, Japanese longline fishery data have been available as a 5° x 5° grid and by month, from the Indian Ocean Tuna Commission database (IOTC, http://www.iotc.org) and from the International Commission for the Conservation of Atlantic Tuna (ICCAT, http://www.iccat.es). Japanese longline gear is composed of a midwater mainline suspended on buoys floating at the sea surface. Japanese longlines consist of about 3500 baited hooks, carrying 5 to 25 hooks between successive floats and fishing mostly in a depth range of about 25-300 m. In tropical waters, they are used by large longliners that primarily target yellowfin and bigeye tunas. Japanese longliners have continuously modified their gear and practices to improve fishing power and catchability of target species (Ward and Hindmarsh, 2007) . For example, nylon monofilament leaders were substituted for wire leaders from natural fibres in the mid 1980s, and hook design and bait species have also evolved. The emergence of deep longlines in the early 1970s in the Indian Ocean, and in the late 1970s in the Atlantic Ocean, was an important change in fishing practices, with an increase in the number of hooks between floats. Catch and effort time series have been associated with the Longhurst provinces (Longhurst, 2007; Fig. 1) in the same time period (from 1960 to 2004 in both oceans). We adopted the Longhurst's division in biogeographic provinces because they are based on biogeochemical properties due to primary production, nutrient dynamics and mixed layer depth that influence the distribution of top predators (Longhurst, 2007; Fonteneau, 1998) . Also, several province boundaries correspond with changes in species dominance (Longhusrt, Pers. Comm.) , and maps of tuna catches give confidence that the represented distributions are real and correspond to the biogeochemical provinces of Longhurst. We considered five tropical provinces in the Indian Ocean: the Indian South Subtropical Gyre province (ISSG), the Eastern Africa Coastal province (EAFR), and the Northwest Arabian Upwelling province (ARAB); for convenience, the original Indian Monsoon Gyres province of Longhurst was divided in a West sub-province (MONSW) and in an East sub-province (MONSE) according to the spatial patterns of environmental variables characterizing the Indian Ocean Dipole (Saji et al., 1999; Corbineau et al., 2008) . In the tropical Atlantic Ocean, we adopted five provinces also: the North Atlantic Tropical Gyral Province (NATR), the Caribbean Province (CARB), the Western Tropical Atlantic Province (WTRA), the Eastern Tropical Atlantic Province (ETRA), and the South Atlantic Gyral Province (SATL). Because of their small sizes and close proximity to the African coast, data from the Eastern Canary Coastal Province (CNRY) and the Guinea Current Coastal Province (GUIN) were compiled with the NATR and ETRA provinces, respectively. In each province, we have extracted time series of catch and nominal catch per unit of effort (CPUE) for four species: yellowfin tuna, bigeye tuna, swordfish, and blue marlin. Monthly catches were summed to obtain a yearly catch time series for each province. The aggregations by year allowed us to investigate patterns of interannual variation in each province. Missing values linked to the spatial dynamics of the fleet precluded the analysis of seasonal variations by province. Nominal CPUE by province and species were computed by averaging ratios of catch to the number of hooks (Walters, 2003) . Several time series were non-informative and were removed from analyses. We obtained 34 catch time series and 34 CPUE time series characterized by three factors: species (4 modalities), provinces (10 modalities) and ocean (2 modalities).
Climatic index
The Southern Oscillation Index (SOI) is a measure of the large-scale fluctuations in air pressure occurring between the western and eastern tropical Pacific. The SOI is based on the difference between sea level pressure anomalies at Tahiti (17°S-149°W) and Darwin (12°S-130°E), combining the Southern Oscillation into one series (Trenberth, 1984) . El Niño episodes occur during the negative phase of the Southern Oscillation, while La Niña episodes occur during the positive phase. The monthly SOI index was averaged to calculate a yearly time series.
Time-series analysis
Wavelet analysis performs a time-frequency decomposition of the signal, which permits the estimation of the spectral characteristics of the signal as a function of time and then the identification of different periodic components (Torrence and Campo, 1998; Cazelles et al., 2008) . Transient dynamics or gradual changes of the periodic components of the signal can then be detected and this approach can be applied to non-stationary time series, such as fisheries data. The wavelet power spectrum (WPS) is represented on a 2D plot with observation time as the x-axis and periods or frequencies as the y-axis. The wavelet analysis can be extended to bivariate cases in order to analyze patterns of covariation of two signals. Time series were standardized before performing the wavelet analyses. In order to compare patterns of variation between commercial catch time series, we clustered the wavelet spectra, as described in Rouyer et al. (2008b) . This method is based on the Maximum Covariance Analysis that calculates the dissimilarities between all pairs of wavelet spectra. A distance matrix is then obtained and a cluster analysis is carried out in order to construct a dendrogram. In addition, we plotted the distances originated from the cluster using boxplots by extracting the distances regarding each factor (ocean, species and province), and each modality (yellowfin tuna, bigeye tuna, swordfish, blue marlin, Equatorial and Tropical Indian Ocean, Equatorial and Tropical Atlantic Ocean) from the dissimilarity matrix, in order to investigate the main effects. Wavelet cross-spectra (WCS) between each time series and the SOI were also compared using the same method.
Results
Patterns of variations in catch time series
The cluster dendrogram based on the catch time series displayed five groups according to the similarities among wavelet spectra ( Fig. 2A) . The first group (G 1 ) was dominated by yellowfin tuna of the Indian Ocean. The second group (G 2 ) combined all the Atlantic time series of the ETRA province and, in addition, swordfish prevailed in this group. G 3 was a group of all the time series of the ARAB province (Indian Ocean). Fourteen time series were classified in G 4 : Indian time series dominated, including all the series of the MONSE and MONSW provinces, except one. The last group (G 5 ) is represented by the Atlantic time series only: the central provinces (WTRA, NATR and SATL) occurred in similar proportions. No clear grouping by species was evident, while there was a clear effect of province. The boxplots of the dissimilarities among factors (Fig. 3A) confirmed that the province factor had the most structuring effect. This is shown by the lowest median of the intra-province boxplot (Fig. 3A) . No differences occurred between inter-and intra-species dissimilarities. There was no clear grouping by oceans, but the Indian time series displayed higher similarities among themselves than the Atlantic time series. Additional boxplots were computed for the modalities of the species (Fig. 3B) . No clear pattern emerged, except among bigeye tuna: the wavelet spectra of those time series were more similar regardless of the province. In others words, the variability that characterized the bigeye time series in all provinces were comparable. Because of the small number of time series in each province, we further grouped equatorial and tropical provinces of each ocean. For both oceans, equatorial regions displayed higher similarities than tropical ones, especially in the Indian Ocean (Fig. 3C ).
Catch time series and SOI
We first performed a wavelet analysis of the SOI (Fig. 4) . The WPS exhibited three disconnected significant bands: the first in the 3 to 4-year periodic modes from 1968 until 1973, a second band in the 4 to 6-year modes from 1974 until 1988, and third band around the 10 to14-year period from 1972 until 2004. We then investigated the association between the SOI and the tuna catch time series by performing 34 wavelet cross-spectra (WCS). The clustering analysis tends to provide a dendrogram with more structure than the previous analysis; the global median of the distances for this cluster was 16% less than the first dendrogram ( Fig. 2A and B) . From this analysis, five groups can be discriminated. The first group (G 1 ) is dominated by the CARB province, while G 2 grouped all the ARAB provinces. In G 3 , Atlantic provinces occurred more frequently (especially NATR and ETRA) than Indian provinces, and swordfish and bigeye tuna were the dominant species. G 4 grouped all the WCS of the MONSW province and of the MONSE province (except one). G 5 combines bigeye tuna and blue marlin of the WTRA province of the Atlantic Ocean only. Once again, the dendrogram was structured primarily by the province factor. The boxplot of dissimilarities among the factors showed the same pattern as described in the previous section (Fig. 3A and D) . However, the distances decreased substantially, confirming the structuring effect of the SOI. The boxplots by species modalities (Fig. 3E) showed that bigeye tuna and swordfish had more similar patterns of variation (a decrease of 33% and 25%, respectively, compared to Fig. 3B) . The boxplots by province modalities confirmed that the equatorial areas displayed higher similarities than tropical ones, especially in the Indian Ocean (Fig. 3F) . For illustrative purpose, wavelet cross-spectra of bigeye tuna catch time series with SOI are shown (Fig. 5) . The WCS of the equatorial Indian Ocean were very close and only exhibited a pattern of covariation with the SOI in the 12 to16-year cycle, while the tropical Indian Ocean and the equatorial and tropical Atlantic Ocean further displayed, in most cases, a 3 to 4-year cycle.
CPUE time series
The same approach was performed with the CPUE time series. However, most of the catch rate time series exhibited a severe decline in the first part of the signal (mostly during the first ten to twenty years of the time series) followed by a slightly variable signal until the end of the series. Consequently, the core of the variability is due to this early decline and is translated by the wavelet analysis into a long-term signal (results not shown). Therefore, the comparison of patterns of variation is not informative and did not add any additional information.
Discussion
Here, we carried out a descriptive analysis for studying the relevant factors that structure patterns of variation in commercial time series of large pelagic fish in the Indian and Atlantic Oceans. We analyzed both catch data of several species and CPUE data from the Japanese longline fisheries. We believe that nominal CPUE data from the Japanese longline fishery present several intrinsic biases that preclude their use for providing relevant information on the patterns of variations of tuna and tuna-like species. The major problems associated with these data are: (i) the temporal trends of several CPUE time series exhibited successively a sharp decline and a flat signal; (ii) the relevance of the number of hooks as a measure of the fishing effort all along the time series, (iii) increasing fishing effort over the time period. Several authors have shown that sharp declines in the CPUE that occurs in the initial phase of the fishery (Myers and Worm, 2003) overestimated the real decline in abundance (Walters, 2003; Hampton et al., 2005; Maunder et al., 2006; Polacheck, 2006) . During this initial phase, CPUE were high but total catches were low. In contrast, the substantial increase of the catch and effort that followed this period (end of 1970s) did not match subsequent declines in catch rates. Polacheck (2006) summarized this point as follow: "Intuitively, if catches of a given magnitude, resulted in large (e.g. 50-80%) decline in stock sizes, the expectation would be that a subsequent doubling or tripling of catches should engender further large declines and not be sustainable". Independently of the underlying causes of these early declines, it is unlikely that these catch rates are representative or proportional to abundance. For instance, a local aggregation of fishing vessels in a productive area generate high catches, high levels of nominal fishing effort, but only moderate catch rates, although these high catches indicate high biomass in a given area. In addition, interactions among fishing vessels can disrupt the relationship between CPUE and local abundance, as illustrated theoretically by Gillis and Peterman (1998) . Furthermore, nominal CPUE data are based on the available hook number by 5° x 5° grid and by month. This aggregated measure of the nominal fishing effort of longliners may not reflect the real fishing effort and cannot take into account the changes in targeting practices (Bigelow et al., 2002; Fonteneau and Richard, 2003; Bach et al., 2006; Kleiber and Maunder, 2008) . For instance, deepening the longlines has increased the total number of hooks and the catch rates of bigeye tuna, but at the same time decreasing the CPUE of blue marlin. In the same way, longline fleets have continuously modified their fishing gear and practices to improve fishing power and catchability of targeted species. These changes are known to break down the relationship between catch rates and abundance (Ward and Hindmarsh, 2007) . In conclusion, we postulate that the fishing strategy of the Japanese longline fleet tends to smooth variations in catch rate while catch time series exhibit signals that allowed us to better address our initial goals.
The analysis of the catch time series showed that the province was the most obvious factor that influences patterns of variation of tuna and tuna-like species in the Indian and Atlantic Oceans. However, the variability of the catch time series was not related to species. These results agree with those of Rouyer et al. (2008a) who studied patterns of variation in tuna and billfish time series exploited by different fishing gears throughout the Atlantic, and with the results of Corbineau et al. (2008) who investigated the variability of Taiwanese and Japanese time series in the Indian Ocean. Thus, our results reinforce the key role of the biogeographical provinces of Longhurst in the distribution of top predators that represent the higher trophic level. Our study did not display any clear effect of ocean, as we expected, but nonetheless, we showed significant differences between equatorial and tropical regions in both oceans, especially for the Indian Ocean. This ocean, in contrast to the Atlantic Ocean, is closed in the North by Arabia and Asia, and, consequently is characterized by a specific ocean circulation related to the wind monsoon regime (Schott and McCreary, 2001 ). For instance, warm subsurface water masses accumulate in the north and are characterized by low oxygen concentrations (Tomczak and Godfrey, 1994) .
All time series covaried with the Southern Oscillation Index, which seems to structure patterns of variation in the catch time series. The impact of the SOI was more evident at the province scale, especially in the equatorial provinces of both oceans. Equatorial areas of the world's oceans are known to exhibit a clear response to El Niño-Southern Oscillation (White and Cayan, 2000) . For instance, in the equatorial Indian Ocean, MONSW, which is the main fishing area for yellowfin tuna and bigeye tuna (Fonteneau, 1997) , displayed the highest similarities. Warm or cold events in this province drive changes in the mixed-layer depth with consequences impacting tuna's habitat and thus, their abundance and catchability. The NATR province of the Atlantic Ocean showed a strong relation with the SOI, mostly due to bigeye tuna and swordfish. In addition, the wavelet cross-spectra between the SOI and the bigeye tuna time series (Fig. 5) in the tropical provinces showed a 14-16-year periodic mode that corresponds to the dominant long-term fluctuations in tropical areas (Steele, 1985) .
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